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ABSTRACT

This paper investigates a long-standing question
about the effect of surface roughness on turbulent
flow: what is the equivalent roughness sand-grain
height for a given roughness topography? Deep Neu-
ral Network (DNN) and Gaussian Process Regres-
sion (GPR) machine learning approaches are used
to develop a high-fidelity prediction approach of the
Nikuradse equivalent sand-grain height &, (Niku-
radse, 1933) for turbulent flows over a wide vari-
ety of different rough walls. To this end, 45 surface
geometries are generated and simulated at Re, =
1000. The surfaces geometry differ widely in mo-
ments of surface height fluctuations, effective slope,
average inclination, porosity and degree of random-
ness. When combined with 15 fully rough experi-
mental data sets (courtesy of Flack et al (Flack et al.,
2016; Barros et al., 2018; Flack et al., 2019b)), the
DNN and GPR methods predict k4 with an rms error
of less than 10% and a maximum error of less than
30%, which appears to be significantly more accu-
rate than existing correlations applied to the present
database.

INTRODUCTION

At sufficiently high Reynolds numbers, all surfaces
are hydrodynamically rough, as is almost always the
case for flows past the surfaces of naval vehicles. Re-
views of roughness effects on wall-bounded turbu-
lent flows are provided by Raupach et al. (1991) and
Jiménez (2004). The most important effect of surface
roughness in engineering applications is an increase
in the hydrodynamic drag (Flack, 2018), which is
due predominantly to the pressure drag generated by
the small-scale recirculation regions associated with
individual roughness protuberances.

For the foreseeable future, the most practi-
cal approach to making predictive flow calculations
at realistic naval operating conditions is to use engi-

neering one-point closure models of turbulence, such
as two-equation turbulent eddy viscosity closures for
the Reynolds-averaged Navier-Stokes (RANS) equa-
tions. Existing rough-wall corrections to this type
of closure typically model the increase in hydrody-
namic drag on a single length scale—the equivalent
sand-grain height (Nikuradse, 1933) k;—without
physically resolving the surface or changing the gov-
erning equations. In the fully rough flow regime,
where the wall friction depends on the roughness
alone and is independent of the Reynolds number, &
quantifies the increase in hydrodynamic drag through
an empirical relation with the roughness function
AUT,
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where k = 0.41 is von Kdrman’s constant, + rep-
resents normalization in wall units, and AU is de-
fined as the offset of the log-linear velocity profile of
a rough-wall flow relative to that of a smooth-wall
one, and represents the increase in drag due to sur-
face roughness.

Since ks is a flow-dependent roughness
lengthscale, rather than a physical one, it is not
known a priori and does not appear to be equiva-
lent to any single geometrical length scale, such as
an average or a root-mean-square (rms) of roughness
height (Flack, 2018). It is also well-established that
ks can depend on many geometrical parameters such
as the effective slope (Napoli et al., 2008; Yuan and
Piomelli, 2014b) and the skewness of the roughness
height distribution (Flack and Schultz, 2010). Read-
ers are referred to Flack and Schultz (2010) and Bons
(2002) for extensive reviews on this topic. Empirical
expressions for ks based on a small number of ge-
ometrical roughness parameters have been proposed
in several studies. Examples of existing empirical
correlations are
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proposed by Bons et al. (2001),

ks — Clkanggzv (3)
proposed by van Rij et al. (2002) and
ks = Clkrms (1 +Sk)02» “4)

given by Flack and Schultz (2010). Here, kq. 4 is
the averaged height, « is the local streamwise slope
angle and A, = (S/Sy) (Sf/S’S)_l'G, where S, Sy,
S are, respectively, the reference area before adding
roughness, the total frontal area of the roughness, and
the total windward wetted area. k,.,,s and S, are rms
and skewness of the roughness height fluctuations.
c1, c are constants.

The hydrodynamic lengthscale &, appears
to be correlated with different sets of geometrical pa-
rameters for different types of rough surface and no
universal correlation currently exists for flow over
surfaces of arbitrary roughness. For example, for
synthetic roughness comprising closely packed pyra-
mids (Schultz and Flack, 2009) and random sinu-
soidal waves (Napoli et al., 2008), it has been shown
that ks scales on the effective slope when the sur-
face slope is mild (i.e. within the ‘waviness’ regime),
whereas the skewness and rms height, but not slope
magnitude, become important when the slope is in-
tense (i.e. within the ‘roughness’ regime). The
boundary between these two regimes has also been
shown to be surface dependent (Yuan and Piomelli,
2014b).

In previous studies, the small number of
roughness parameters used to devise k5 correlations
tended to limit their application to a narrow range of
surface roughnesses. Since it appears that many ge-
ometrical parameters, such as porosity, moments of
roughness height (e.g. rms, skewness and kurtusis),
effective slope, and surface inclination angle might
affect ks, it is useful to employ a data science ap-
proach suited to modeling large multi-variate/multi-
output systems. In particular, we use Machine Learn-
ing (ML) to explore ks-prediction approaches that
depend on a large set of surface-topographical pa-
rameters, with the expectation that the resulting mod-
els may be applied accurately to a wider range of sur-
faces. The extensive computational and experimental
data sets available on kg, for a wide range of surface
roughnesses, are well suited to the requirements of
ML.

Since the prediction of ks from surface to-
pography lengthscales is essentially a ‘labeled’ re-
gression problem, supervised ML operations were
performed, using deep neural networks (DNN),

Gaussian process regressions (GPR) and support
vector machines (SVM). Readers are referred to the
monogram by Géron (2017) and the review provided
by LeCun et al. (2015) for in-detail discussions about
the methods. All these three ML methods were ap-
plied. The major expense in this exercise is the gen-
eration and collection of data, rather than evaluating
and comparing the performance of various ML pro-
cedures per se. The results obtained using the DNN
and GPR approaches are reported in this paper; our
preliminary effort with SVM did not provide as ac-
curate prediction as the other two approaches. An
initial collection of 60 sets of data on k, as a func-
tion of topographical parameters—45 DNS results
and 15 experimental results—are considered. All ex-
perimental data sets are fully-rough and within DNS
data, 30 of them are identified as fully-rough flows
and are used for ML training and testing.

The paper is organized as follows. We first
describe the governing equations, solution method-
ologies, simulation parameters and different rough-
ness topographies. Then, the post-processing of
DNS results to calculate &, is presented. Finally, we
show the ML model predictions for ks and discuss
the prediction uncertainty.

PROBLEM FORMULATION

Governing equations

The governing equations of incompressible con-
tinuity and linear momentum—the Navier-Stokes
(NS) equations—for a constant-property Newtonian
fluid, were solved using direct numerical simulation
(DNS). These equations are written in indicial nota-
tion as
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Here, i,7 = 1,2,3, x1,22 and x3 (or

x,y, 2) are the streamwise, wall-normal and span-
wise coordinates, with corresponding velocity com-
ponents of w1, ue and uz (or u, v, w) and P is defined
as p/p, p is the fluid density and v is the kinematic
viscosity. An immersed boundary method (Yuan and
Piomelli, 2014a) was used to enforce the fine-grained
roughness boundary conditions on a non-conformal
Cartesian grid. The corresponding body force Fj is
added to the the right hand side of the momentum
equations to impose a no-slip boundary condition
at the fluid-roughness interface. To solve the equa-



tions, second-order central differencing was used
for spatial discretizations and second-order Adams-
Bashforth semi-implicit time advancement was em-
ployed. The numerical solver was paralleled using
the message passing interface (MPI) method (Keat-
ing, 2004).

A double-averaging decomposition (Rau-
pach and Shaw, 1982) was used to resolve turbulent
and dispersive components of flow variables in the
presence of roughness. In this decomposition, any
instantaneous flow variable § may be decomposed
into three components, as

O(x,t) = (0)(y) +0'(@,t) +0(z)  (6)
where the time-averaging operator is  and the intrin-
sic spatial-averaging operator is <9> = Aif fzz 0dA
(and Ay is the area occupied by fluid). The Reynolds
and dispersive fluctuating components are then 0 =
0 — 0 and 0 = 6 — (6) respectively.

The calculation of wall shear stress (includ-
ing both viscous and pressure drag contributions on
arough wall) is by integrating the time-averaged im-
mersed boundary method body force in z, Fi,

_ P
LyL:
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where V represents the total simulation domain be-
low the roughness crest and L, is the domain size
in x; direction. Readers are referred to Yuan and
Piomelli (2014a,c) for details of the implementation
and validation of the immersed boundary method and
Tw calculation.

Simulation parameters

Direct numerical simulation was used to calculate
the pressure and velocity fields in turbulent open-
channel flows over 45 different rough surfaces and
one smooth one, at a fixed frictional Reynolds num-
ber Re, = 1000. In these simulations, the domain
sizes were (L, Ly, L,) = (3,1,1)d, where § is the
channel half-height. The origin of the y axis is set at
the elevation of the lowest trough for each rough sur-
face. The number of grid points was (ng, ny,n,) =
(400, 300, 160). A uniform mesh was used in the =
and z directions, yielding grid sizes of AzT = 7.5
and Azt = 6.25, where + denotes normalization in
wall units. For all cases, the mesh in y was stretched
with a hyperbolic tangent function from the wall on-
ward. The first three y™ grid points were located be-
low 1. For the rough cases, at the roughness crest,
Ay/k. < 0.017 (with Case C11 giving the high-
est ratio). Here, k. is the height of roughness crest

measured from the lowest trough of a given surface.
The maximum y grid size Ay . = 9.5 at chan-
nel center line (where the Kolmogorov length scale
n*t ~ 3). Moin and Mahesh (1998) provided ar-
guments that the requirement to obtain reliable first-
and second-order flow statistics is that the resolution
be fine enough to accurately capture most of the dis-
sipation. Moser and Moin (1987) noted that most
of the dissipation in the curved channel occurs at
scales greater than 157 (based on average dissipa-
tion). Existing DNS studies of channel and boundary
layer flows that focus on these flow statistics typi-
cally use Ax /7 between 7 and 15 and Az/n between
4 and 8 (see, for examples, Kim et al. (1987), Spalart
(1988) and Yuan and Piomelli (2014c)). The grid
sizes herein satisfied Az/n < 7.5, Ay/n < 4.0, and
Az/n < 6.5.

The spatial resolution of the roughness Tay-
lor micro-scale, At in  and At in z, are used to
evaluate the adequacy of the grid resolution to cap-
ture the roughness topographies, according to Yuan
and Piomelli (2014a). The Taylor micro-scale is ob-
tained by fitting a parabolic function to the two-point
autocorrelation of the surface height fluctuations. It
represents the size of an equivalent ‘roughness ele-
ment’ in the context of random multiscale roughness.
The streamwise and spanwise values of A7 normal-
ized by 6,, and the respective grid size are tabulated in
Table 1. For all cases, /\} -, are of orders 10 to 102,
indicating that average size of the roughness element
is large compared to the viscous wall units. The av-
erage roughness elements are generally speaking re-
solved by the grid, with 4 to 12 grid points in each
direction per A7 .., for most cases. Yuan and Pi-
omelli (2014b) used a resolution of A, /Ax = 4 for
the synthesized sand-grain surface (similar to Sur-
face C43 herein) in a large-eddy simulation of chan-
nel flow. For some cases here, At is not well resolved
in at least one direction (with Ay, /Ax or Ar ,/Az
less than 3). All these cases are among those that are
not considered as fully-rough flows (the ones with
74:\5 < 50 discussed in the results section) and, conse-
quently, not included in ML training and testing.

In rough wall flows, the pressure drag is
caused primarily by the local flow structures and sep-
aration in the vicinity of individual roughness pro-
tuberances, which are predominately near-wall phe-
nomena. To carry out the 45 separate DNS simu-
lations for determining k; efficiently, with sufficient
near-wall resolution, we employ a small-span chan-
nel simulation approach. The concept of minimal-
span simulation was introduced by Jimenez and
Moin (1991). Chung et al. (2015) and MacDon-
ald et al. (2017) carried out analyses of the perfor-



Table 1:

Surface Taylor micro-scale, Ap, in the
streamwise and spanwise directions.

Case name )\;z AT,/ Az )\;Z Ar,2/Az
CO01,r4,reg,incl 19.7 2.6 21.1 3.4
C02,r4,reg,inc2 20.4 2.7 33.1 53
C03,r4,reg,inc3 19.8 2.6 229 3.7
C04,r6,reg,incl 27.7 3.7 28.4 4.5
C05,r6,reg,inc2 31.6 4.2 39.1 6.2
C06,r6,reg,inc3 29.9 4.0 30.0 4.8
C07,r4,rnd,inc1 33.8 4.5 26.7 4.3
CO08,r4,rnd,inc2 26.1 3.5 32.7 52
C09,r4,rnd,inc3 35.5 4.7 30.1 4.8
C10,r6,rnd,inc1 38.2 5.1 29.7 4.8
C11,r6,rnd,inc2 38.1 5.1 47.0 7.5
C12,r6,rnd,inc3 479 6.4 40.2 6.4
C13,r4,reg,porl 17.8 2.4 32.7 52
C14,r4,reg,por2 27.5 3.7 34.2 5.5
C15,r4,reg,por3 31.5 4.2 39.4 6.3
C16,r6,reg,porl 25.6 3.4 46.1 7.4
C17,r6,reg,por2 40.1 53 47.8 7.6
C18,r6,reg,por3 44 .4 59 54.8 8.8
C19,r4,rnd,por1 32.7 4.4 31.1 5.0
C20,r4,rnd,por2 35.6 4.7 31.3 5.0
C21,r4,rnd,por3 37.4 5.0 34.2 5.5
C22,r6,rnd,porl 44.6 59 353 5.6
C23,r6,rnd,por2 47.1 6.3 39.7 6.4
C24,r6,rnd,por3 47.1 6.3 44.4 7.1
C25,r4,reg,ES1 89.0 11.9 - -
C26,r4,reg, ES2 66.5 8.9 - —
C27,r4,reg,ES3 27.1 3.6 - -
C28,16,reg,ES1 90.6 12.1 - -
C29,r6,reg, ES2 66.8 8.9 - -
C30,r6,reg,ES3 27.2 3.6 - -
C31,r4,rnd,SGR 27.8 3.7 25.0 4.0
C32,r4,rnd,RND1  131.2 17.5 54.1 8.7
C33,r4,rnd, RND2 96.3 12.8 42.1 6.7
C34,r4,rnd,RND3 56.4 7.5 224 3.6
C35,r4,rnd, RND4 39.5 53 15.8 2.5
C36,r4,rnd,RND5 25.1 33 11.4 1.8
C37,r6,rnd,SGR 36.5 49 31.9 5.1
C38,r6,rnd,RND1 88.5 11.8 72.6 11.6
C39,r6,rnd,RND2 93.8 12.5 35.7 5.7
C40,r6,rnd,RND3 57.0 7.6 22.8 3.6
C41,r6,rnd,RND4 40.5 54 15.6 2.5
C42,r6,rnd,RND5 24.5 33 11.3 1.8
C43,SG 35.2 6.0 33.5 5.7
C44,TB 132.1 10.4 168.5 13.2
C45,CB 25.7 4.5 25.5 4.4

mance of DNS over small spanwise domains for full
and open channel flows on rough and smooth walls
and showed that minimal-span simulations captured
the essential near-wall dynamics and yielded accu-
rate computations of wall friction, and of mean ve-
locities and Reynolds stresses as far from the wall as
y ~ 0.36, when the following constraints were met:

L, > max (10006,,3L., Az ), (8a)
L, > ke/0.15, (8b)
L. > max (1000, kc/0.4,\,-),  (8c)

where k. is the roughness crest height, 6, = v/u.,
and )\, is the characteristic roughness wavelength
in the x; direction. The roughness Taylor microscale
may be used as the characteristics wavelength; such
length is much smaller compared to the domain size
for all cases. Conditions (8a,c) were satisfied by
choosing domain sizes L;” and L} of 3000 and 1000
respectively. Condition (8b) is satisfied for all rough
cases except for C11, which falls marginally below
one constraint (L, = k./0.17).

Periodic boundary condition were imposed
in the streamwise and spanwise directions. No-slip
and symmetry boundary conditions were imposed at
the bottom and top boundaries respectively. When
each simulation had reached statistical stationarity,
statistics were collected over 5 large-eddy turn-over
times (6/u,). The time step At™ < 0.04, orders of
magnitude smaller than the Kolmogorov time scale,
typically 7 = 2 in the sublayer of a channel flow
according to Choi and Moin (1994).

Surface roughness

In Figure 1, the 45 roughness geometries used for
the present DNS are displayed. Each case name in
Figure 1 consists of a letter denoting computational
(“C”) or experimental (“E”) data and an index as-
signed to each surface. For computational cases, the
names also have a lengthscale (a percentage of 9)
used in generation of that surface, the regular (“reg”)
or random (“rnd”) type of the surface, and the fea-
ture that was varied to create that particular surface
as one of a series. These features were: the stream-
wise inclination angle (I,,) in surfaces CO1 to C12;
the porosity (F,) in surfaces C13 to C24; and the
streamwise effective slope (F,) in surfaces C25 to
C30. For experimental cases two sets of other num-
bers are assigned to each surface. The first one de-
notes the year of the publication that the surface was
used in; surfaces with number 16 are from Flack et al.
(2016), with number 18 are from Barros et al. (2018)
and with number 19 are from Flack et al. (2019b).
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Figure 1: Roughness geometries.




The second number is the index that the surface have
been assigned in the original paper.

Surfaces CO1 through C24 were created
using ellipsoidal elements (Yuan and Piomelli,
2014a) of different size, aspect ratio and incli-
nation.  For regular roughness, each element
has the same orientation and semi-axis lengths,
(A1, A2,23) = (1.0,0.7,0.5)k., following Yuan
and Piomelli (2014a). For random roughness, the
elements have random orientations and semi-axis
lengths (with uniform distributions of the random
variables). The average orientation and semi-axis
lengths are the same as the corresponding regular
surface. Surfaces C25 through C30 comprise sinu-
soidal waves in the x direction, of the same mag-
nitude but different wavelengths to generate differ-
ent values of effective slope F,. The wavelengths
were A\, = 30/4, 30/8 and /6. Surfaces C31
and C37 comprise the random sand-grain roughness
of Yuan and Piomelli (2014a), which were produced
by randomly oriented ellipsoidal elements with fixed
semi-axes of (1.0,0.7,0.5)k.. Surfaces C32 through
C36 and C38 through C42 were generated as the
low-order (the first 5, 10, 20, 30 and 50) modes of
Fourier transforms of white noise in the streamwise
and spanwise directions; they therefore describe ran-
dom surfaces with large to small wavelength rough-
ness. Cases C43, C44 and C45 are DNS (full-span
channel) of flow over a random sand-grain rough-
ness, a realistic turbine-blade roughness scan, and ar-
rays of cubes. These surfaces were used in the study
of Aghaei Jouybari et al. (2019). Case C46 is the
full-span channel simulation of C21, performed to
validate the minimal-span channel results. Case C47
is the reference case of a smooth-wall flow.

Other surface parameters calculated for
each surface in this work include the mean rough-
ness height (kq.g), the first-order moment of height
fluctuations (R,,), the root-mean-square of roughness
height (k,.,s), the roughness height skewness (S)
and its kurtosis (K,), the effective slope in the z; di-
rection (E,,), and the inclination angle (in radians)
in the z; direction ( I;,). The definitions of these
geometrical parameters are summarized as the fol-

lowing:
1
kavg = A_t/ kdA,

1
R, = E/x,z ( — kang|) dA,

1
=] - 2dA
krms \/At /:c7z(k ka’ug) d ]

)

(10)

(1)

Sk = i/ (k_kavg)SdA/ k?ms? (12)
At T,z
K, = i/ (k—kavg)‘*dA/k;%ms, (13)
At T,z
1 ok
E, = E/w %‘dA, (14)
1 ok
E, = E/W %’dA, (15)
1 ke
P, = m/o Afdy’ (16)
1 [0k
I, = tan_1{55k<a—x)}, (17)
1 [0k
I = tan1{§Sk<%>}, (18)

where k(z,z) is the roughness height distribution
and A (y) and A;(y) are the fluid area and total area
in (x,z) at each y plane. Although the surface ge-
ometries were generated using specialized shapes,
these descriptive parameters are quite general and
applicable to any rough surface. For all surfaces,
R,/6 < 0.04, k./6 < 0.17. The range of values
of each parameters can be found in Figure 3.

RESULTS

Post-processed results

In Figure 2, the streamwise double-averaged veloc-
ity profiles computed in the present simulations are
shown. The profiles in the logarithmic region are de-
scribed for smooth- and rough-wall cases in the fully
rough regime as:

w)" = %ln(gﬁ') +5.0,and  (19a)
v+ 1 y—d
<u> = 1n< ke ) + 8.5 (19b)

respectively, where d is the zero-plane displacement,
obtained as the location of the centroid of the wall-
normal averaged drag-force profile (Jackson, 1981).
The shift in the y coordinate by d accounts for the
flow blockage by surface roughness elements.

To determine whether a particular flow is
within the fully rough regime, Equation (19b) is ap-
plied to the computed logarithmic velocity profile to
yield a test k4 value, denoted as Es. Its values for all
cases are tabulated in Table 2. Cases with Ej greater
than a threshold value of 50 are deemed to be in the
fully rough regime (30 surfaces) and £ is set to equal
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Figure 2: Profiles of streamwise double-averaged velocity plotted against a zero-plane-displacement shifted
logarithmic y abscissa. The dashed lines are u™ = yT and 2.51In (y — d)™ + 5.0. The red dash line in C46
is that of C21.
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/k\s. Those below the threshold are considered transi-
tionally rough (15 surfaces) and are not included in
ML predictions in this study. The threshold value
of kF—the lower end of the fully rough regime—
has been observed to vary significantly for different
types of roughness and is typically between 20 and
80. The values of d is also given in Table 2.

The threshold value of &k} which signifies
the beginning of the fully rough regime is not de-
termined more precisely because of the cost of car-
rying out, for each surface, simulations at succes-
sively higher values of kg until the friction coeffi-
cient became invariant with Reynolds number. For
the GPR method, the uncertainty in k; which might
arise through treating all flows with & > 50 as fully
rough is partially compensated for by incorporating
an assumed 10 % noise level of k; in the learning
stage. The values of £ = 50 as the threshold for
fully rough flows and the 10% noise level were cho-
sen as a trade-off between the uncertainty in assum-
ing that a given flow is indeed fully rough and the de-
sire to maximize the number of usable data to avoid
overfitting. Two other k noise levels of 5% and 15%
were tested; results suggested insensitivity of the kg
prediction to the noise level within the tested range.

In Figure 3, the pair plots of the different to-
pographic roughness parameters are shown as scatter
plots (lower right), joint pdfs (upper left), and dis-
tribution pdfs (diagonal). Pair scatter plots for the
true (DNS and experimental) value of k4 and other
roughness parameters are shown in the bottom row
of this figure. It can be seen that, for the rough-
ness cases chosen, there is some correlation between
kurtosis and rms roughness (column 1, row 6) and
kurtosis and skewness (column 5, row 6) though the
relationship between others appears to be more ran-
dom. From the graphs in the bottom row, it can be
seen that ks/R, scales on porosity to some power,
albeit with some scatter (column 2, row 7). It also ap-
pears that ks /R, might decrease with skewness for
surfaces with S, < 0 and increase with skewness
in cases with S > 0 (column 5, row 7). Surfaces
with positive skewness yields higher k4 compared to
those with negative skewness, consistent with obser-
vation of Flack et al. (2019b). Beyond these observa-
tions, there does not appear to be a clear correlation
between k4 and any individual roughness parameter,
which makes the search for a functional dependence
of ks on these parameters a problem well suited to
ML.

Case name d/é kT

C01,r4,reg,incl 0.0316 19.4
C02,r4,reg,inc2 0.0456 49.7
C03,r4,reg,inc3 0.0329 31.0
C04,r6,reg,incl 0.0379 64.4
CO05,r6,reg,inc2 0.0569 124.4
C06,r6,reg,inc3 0.0445 58.9
C07,r4,rnd,incl 0.0357 136.2
C08,r4,rnd,inc2 0.0522 3223
C09,r4,rnd,inc3 0.0390 131.1
C10,r6,rnd,incl 0.0417  268.9
C11,r6,rnd,inc2 0.0702 5364
C12,r6,rnd,inc3 0.0530 271.7
C13,r4,reg,porl 0.0474 41.4
Cl14,r4,reg,por2 0.0323 140.6
C15,r4,reg,por3 0.0280 157.1
C16,r6,reg,porl 0.0664 76.7
C17,r6,reg,por2 0.0440 259.8
C18,r6,reg,por3 0.0390  246.5
C19,r4,rnd,por1 0.0417 158.2
C20,r4,rnd,por2 0.0262 105.7
C21,r4,rnd,por3 0.0268 102.7
C22,r6,rnd,por1 0.0528 276.8
C23,r6,rnd,por2 0.0377 175.1
C24,r6,rnd,por3 0.0446 260.3
C25,r4,reg,ES1 0.0235 25.6
C26,r4,reg,ES2 0.0260 65.3
C27,r4,reg,ES3 0.0347 45.5
C28,r6,reg,ES1 0.0334 71.2
C29,r6,reg,ES2 0.0402 112.0
C30,r6,reg,ES3 0.0541 64.0
C31,r4,rnd,SGR 0.0318 48.7
C32,r4,rnd,RND1 0.0410 8.4

C33,r4,rnd,RND2 0.0434 17.6
C34,r4,rnd,RND3 0.0453 22.5
C35,r4,rnd,RND4 0.0463 18.3
C36,r4,rnd,RND5 0.0506 23.4
C37,r6,rnd,SGR 0.0455 108.8
C38,r6,rnd,RND1 0.0602 12.0
C39,r6,rnd,RND2 0.0617 17.1

C40,r6,rnd,RND3 0.0701 50.4
C41,r6,rnd,RND4 0.0729 48.7
C42,r6,rnd,RNDS5 0.0758 43.8
C43,SG 0.0440 93.0
C44,TB 0.0581 24.1

C45,CB 0.0393 1499
C46,r4,rmd,por3,FS  0.0270  104.2

Table 2: Flow-related parameters obtained from
DNS. The flow is assumed fully rough if k% > 50,
in which case k; is equal to k.
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ML predictions of the equivalent sand-grain
height

The ML techniques of Deep Neural Networks and
Gaussian Process Regression were employed to pre-
dict ks from the data sets described in the previous
section. Their main characteristics are described be-
low. The preset parameters to both algorithms were
optimized based on available data.

The DNN architecture was a Multi Layer
Begiceptron, with three hidden layers (with 19, 14 and
8 mewrons respectively). The activation functions at
allf6des were of the Rectified Linear Unit kind, and
kernel regularization was used to avoid overfitting.
The network had 521 trainable weights in total. This
architecture was found to provide suitable accuracy
in modeling without overfitting, for this particular
multivariate labeled regression problem. A hyper-
parameter tuning process were performed. Specif-
ically, 270 configurations were first generated with
different lengths (representing the number of layers)
and widths (representing the number of neurons).
For each configuration, the DNN compiler was per-
formed 1000 times with random selections of train-
ing (70% of total) and testing (30% of total) datasets
to identify the best performance of the configuration.
The configuration that yielded the best results was
considered as the optimal one, the results of which
are presented here. The cost of data fitting for one
iteration (out of 1000) for each DNN configuration
was about one second. In total, it took about 75 hours
to obtain the optimal DNN network.

The Gaussian Process Regression used Ra-
tional Quadratic kernels, and incorporated an as-
sumed 10% noise level in the learning stage, for rea-
sons explained in the preceding section. The pre-
set parameters (e.g. kernel type, number of itera-
tions, etc.) were tuned with the available data by run-
%fﬂigq the GPR compiler for about 8000 times. It took
abpws 35 hours to obtain the optimal fit. The GPR
method has the capability of incorporating uncer-
tainty or noise in the determination of model param-
eters in the learning stages. Such noise might arise
through: numerical and discretization errors; uncer-
tainty in the form and model coefficients of equation
(1); the applicability and fitting range of equation (1)
(which was deduced from high Reynolds number ex-
periments) to simulations at much lower Reynolds
numbers; and the possibility that some of the train-
ing data may have been from simulations in which
the flow was not quite fully rough. A noise level of
10% in ks/R, values was chosen as an upper es-
timate of the likely uncertainty from these sources.
Noise levels of 5% and 15% were also tested, but lit-
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tle sensitivity of the ks prediction was found to the
assumed noise level within the tested range.

The database consisted of DNS of turbulent
channel flows over 30 different surfaces at Re,
1000, and the results of 15 experimental data sets.
All data were considered to be in the fully rough tur-
bulent flow regime. The data set was split randomly
into two groups—one comprising 70% of the data
sets and the other 30%—for the respective training
and testing processes.

The inputs for both techniques were 17
roughness geometrical parameters, 8 of which were
the primary variables k,.s/Ra, Iz, |1:|, Po, Eu,
E., Sk and K, (defined in Eqns 9 to 18). The
other 9 were products of the primary variables, which
were added to improve the efficiency of each learn-
ing stage. They were p1 = E.Ez, po = E.S,
p3 = E, Ky, ps= E.Sy, ps = E, Ky, ps = Sp Koy,
pr = E2, ps E? and po SZ. We chose
these products owing to the existing knowledge of
the importance of these parameters for certain types
of roughness (Yuan and Piomelli, 2014b; Flack et al.,
2019b).

The predictions of k,, henceforth called
kp, are shown as pair plots in Figures 4 and 5, for the
DNN and GPR methods respectively. Scatter plots of
the equivalent sand-grain height &k, predicted from
the surface topography parameters and the true value
of ks (column 1, row 2) reveal a tight clustering of
data along the y = x diagonal, with only a few out-
lying points, in both figures. This very high degree
of correlation between k), and k, implies that both
techniques have been applied with equal success to
this prediction problem. The error range (column 1,
row 3) is less than £30% for each technique. It is
possible that smaller error ranges might be achieved
if important roughness parameters have been omit-
ted from the inputs, if more favorable algebraic com-
binations of the present choice of input parameters
were not explored in the two prediction techniques
considered, or if more sophisticated ML techniques
had been applied. However, the consistency between
both the &, predictions and error bands for two quite
different ML techniques suggests that they are both
well-suited to this kind of problem, and possibly
close to an optimum for this class of ML approach.

The error values (in percent) for the DNN
and GPR methods is given in Table 3, together with
the error of the empirical relation

ks = 2.91kp s (2 + Sp) 7028 (20)

proposed by Flack et al. (2016), which is used as a
base empirical relation in our study to compare with.
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Note that in Equation 20 the original coefficient val-
ues from Flack et al. (2016) were used; these coeffi-
cients were not fitted using the present datasets. For
the DNS data set, only the fully-rough cases are com-
pared. Results show that the errors associated with
Equation (20) are small for surfaces with index E-
16 as they were used to calibrate this relation. For
the other surfaces, the errors reach as large as 120%,
owing to the small number of training data and ge-
ometrical variables used in the calibration of Equa-
tion (20).

In the DNN and GPR predictions of simu-
lation cases, the greatest errors (from 15% to 23%)
arise in cases C04, C05, C07, C12, C20, C28, C29,
C44, and C45. The surfaces associated with most of
these cases may be roughly grouped into two cate-
gories: i) those characterized predominantly by close
packing of roughness elements (C04, C05, CO7 and
C12), which contribute to flow sheltering (Jiménez,
2004) that reduces pressure drag, and ii) those char-
acterized by low ES, or sparse distribution of local
peaks (C28, C29 and C44). These observations sug-
gests that it may be more difficult to predict k; ac-
curately for surfaces with closely packed or sparse
roughness with the present DNN and GPR methods
that were optimized with the present set of inputs.

Although the goal of this work is to of-
fer a general approach for a wide range of different
types of roughness, the ML methods can also be used
for a subset of similar roughness types (e.g. 2D or
3D roughness, regular or random, or those with or
without spanwise heterogeneity) to provide accurate
(though not universal) predictions. This, however, is
outside of the scope of this paper due to the limited
data, as a larger dataset would be needed for each
particular surface subset.

Uncertainty estimation

The GPR method provides confidence margins for its
prediction of equivalent sand-grain height, as func-
tions of each input parameter. These margins can
be very useful for indicating the kinds of surfaces
for which additional training data could improve the
confidence in predictions. This feature of the GPR
approach makes it very attractive for studies of this
kind, since DNS and experimental generation of data
is expensive.

The confidence intervals determined by the
GPR technique are shown as functions of the normal-
ized surface rms roughness height, effective slope,
porosity and skewness in Figure 6. Wider intervals
indicate higher estimated values of predictive error,
such as at roughness porosity of 0.67, and skew-
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Table 3: Actual errors in ks prediction for DNN,
GPR, compared to errygse, errors of the base em-
pirical correlation (Flack et al., 2016) of kj
291k, (2 + Sy,) 9284, The errors are in percent.

Case name errpNN  errGPR  €TThase
C04,r6,reg,incl -18.5 4.1 -16.7
C05,r6,reg,inc2 -18.7 10.3 -38.3
C06,r6,reg,inc3 10.3 7.5 -10.4
C07,r4,rnd,inc1 214 -4.7 -63.5
C08,r4,rnd,inc2 -10.2 -4.8 -80.1
C09,r4,rnd,inc3 6.0 -1.5 -63.4
C10,r6,rnd,inc1 0.8 2.7 -76.3
C11,r6,rnd,inc2 -1.6 -6.1 -82.9
C12,16,rnd,inc3 -1.0 -18.7 -74.7
Cl14,r4,reg,por2 4.9 0.0 -66.2
C15,r4,reg,por3 7.0 -3.1 -76.7
C16,r6,reg,porl -5.2 5.4 3.5
C17,r6,reg,por2 -0.4 -1.3 -74.5
C18,r6,reg,por3 -1.6 -5.1 -79.1
C19,r4,rnd,por1 2.4 -2.3 -71.4
C20,r4,rnd,por2 12.7 17.2 -67.0
C21,r4,rnd,por3 2.2 -1.8 -69.6
C22,r6,rnd,porl -3.5 -7.9 -77.0
C23,r6,rnd,por2 -0.6 3.4 -70.9
C24,r6,rnd,por3 -1.6 -6.7 -80.5
C26,r4,reg,ES2 -13.7 -12.7 -48.6
C28,r6,reg,ES1 15.6 9.8 -29.2
C29,r6,reg,ES2 -16.1 -9.8 -54.7
C30,r6,reg,ES3 -1.8 34 -21.8
C31,r4,rnd,SGR 2.6 33 -46.7
C37,r6,rnd,SGR -10.9 -7.9 -61.3
C40,r6,rnd,RND3 -4.3 9.1 -23.6
C43,SG 4.5 2.1 -58.6
C44,TB -14.7 22.7 77.6
C45,CB 2.8 -16.5 -70.4
EO01,16,2 8.3 3.5 6.2
E02,16,3 0.7 5.2 3.3
E03,16,7 2.0 1.2 2.2
E04,16,8 -5.3 -5.7 1.3
E05,16,9 7.0 124 10.9
E06,16,15 -7.9 -2.5 -3.0
E07,18,1 -21.2 -25.8 17.3
E08,18,2 21.0 26.1 120.7
E09,19,1 1.2 94 69.2
E10,19,2 -18.7 0.6 5.8
E11,19,3 2.7 7.4 474
E12,19.4 -8.5 2.1 24.1
E13,19,5 13.4 194 -16.6
E14,19,6 4.4 8.9 -56.8
E15,19,7 -0.9 94 19.8
Ly 7.6 7.8 47.6
Lo 21.4 26.1 120.7
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nesses of -1.2 and 1.5. Surfaces with roughness with
these statistical properties are then priorities for fur-
ther simulations and experiments.

CONCLUDING REMARKS

The equivalent sand-grain height k4 of a rough sur-
face appears to depend on many geometrical param-
eters. Consequently, methods of prediction based
on a subset of only a few parameters have a very
limited ability to predict ks and such predictions
can have large deviations from the true value of k.
While this limitation can be addressed by includ-
ing more surface-descriptive parameters, it also in-
creases the complexity of the regression procedure
needed to determine the predictive model. Machine
learning techniques, which can easily handle large
multi-parameters problems, can be employed to both
predict ks from multiple inputs and systematically
analyze the effect of different geometrical parame-
ters on the prediction. In this paper, we presented
a Deep Neural Network and a Gaussian Process Re-
gressor that were shown to be capable of predicting
ks with erryms < 10% and errmqe. < 30%, which is
significantly better than predictions based on conven-
tional analyses. We therefore conclude that these ma-
chine learning techniques offer high-fidelity predic-
tions of the equivalent sand-grain roughness height
for turbulent flows over a wide range of rough sur-
faces. These methods are likely to enjoy similar
success in related multi-parameter labeled regression
problems.

Improved prediction might be achieved
by enlarging the database to include rough-wall
flows with surface parameters which correspond
to low confidence intervals in the GPR method,
and by including additional roughness parameters
as inputs which might describe sparsity and two-
dimensionality, such as frontal solidity, correlation
lengthscales and other two-point surface statistics.
In addition to ks prediction described here, the DNS
database and the ML techniques in general can also
be used to uncover relations between roughness ge-
ometry and physics-related quantities, such as the
flow pattern around roughness protuberances, flow
separation locations, etc. Knowledge of this set of
significant roughness parameters may also in turn
help build an improved surface database that yields
more efficient or more widely applicable predictions
of kg or other quantities.

The machine learning approaches described
here are essentially black box techniques, in which
the output is a series of weights, or their equivalent,
applied at nodes of a network. While such black



box techniques appear to provide efficient and accu-
rate predictions, given a suitable set of training data,
they provide little insight into the underlying physi-
cal processes, which are usually of great importance
for the purposes of design, or extrapolation of predic-
tions beyond the training data. The related problem
of deducing a white box model which approximates
the predictive capabilities of the black box one, and
would reveal information on the features of surface
roughness which contribute most to the determina-
tion of the hydrodynamic roughness height k; is a
more challenging one, and is a topic for future work.
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Discussion #1

Karen A. Flack, Department of Mechanical Engi-
neering, United States Naval Academy

The paper details the use of a new technique
to solve and old problem. Machine learning is uti-
lized to determine the scales of roughness that con-
tribute most to drag. Based on the analysis of 45
fully rough surfaces, the equivalent sandgrain rough-
ness height was predicted and compared to measured
or computed values. This is an innovative approach
and a welcome contribution to the roughness prob-
lem. I look forward to seeing this approach on a
wider range of surfaces.

1. Were specific sets of roughness geometries al-
ways the outliers (large % difference)? For ex-
ample, was the technique better for: regular or
random roughness, 2D or 3D roughness, rough-
ness without spanwise heterogeneity?

What insight would be gained by using the tech-
nique for a subset of similar roughness types?

. What additional surface parameters should be
tested? Correlation lengths, solidity, peak-to-
trough roughness height?

Authors’ reply

Thank you for your comments and questions, each of
which is addressed below.

Question 1 Regarding whether there is anything
consistent about the surfaces that give high errors, we
looked for possible correlations between these errors
and roughness parameters or surface categorizations
(2D/3D, random/regular) and did not find a clear cor-
relation. However, a subtle trend between relatively
high errors and low roughness solidity (or low effec-
tive slope, low levels of wake sheltering) was found,
with C28 and C44 being two examples. This sug-
gests that the representation of sparse roughness is
relatively lacking in the datasets, which should be
improved in future works. This point is added to the
Results section.

Question 2 Training for specific types of surfaces
is likely to improve the k4 prediction for the same
amount of samples, since it is equivalent to training
the networks for a subset of surfaces that are more
similar. The ML methods can be used for this pur-
pose to make non-universal predictions, while the
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present goal is to predict ks for a wide range of sur-
face types. It is also out of the scope of this work due
to limited data, as a large dataset would be needed for
each particular surface subset.

Generally speaking, a ML network trained
for one type of surfaces cannot be used for a differ-
ent type of surfaces. For example, if we divide the
dataset into 2D and 3D surfaces, where £, = 0 and
|E.| > 0 respectively, we get two different correla-
tions. The one for the 2D case will be independent of
E,, as it is invariant throughout this subset, and the
one for the 3D surface would not be accurate for the
surfaces with E, = 0, because E, = 0 is beyond the
region where the ML is trained on. An extrapolation
would not be accurate for ML predictions.

Question 3 Following the discussion on Question
1, additional roughness parameters as inputs which
might describe sparsity and two-dimensionality
(such as frontal solidity, correlation lengthscales and
other two-point surface statistics) need to be added.
This point is added in the Conclusions.

Discussion #2

Ugo Piomelli, Department of Mechanical and Mate-
rials Engineering, Queen’s University

This paper proposes and tests the use of Ma-
chine Learning to determine the value of the equiv-
alent sandgrain roughness kg, for surfaces with ar-
bitrary roughness distributions. The paper is excep-
tionally good. The study is conceived and carried out
extremely well. The application of ML to this type
of problem is novel, and provides a very promising
tool.

It is very hard to come up with suggestions
for improvement (except for the fact that “mono-
gram” should actually be “monograph”). In terms
of future discussion, the authors correctly point out
that this type of approach does not provide any infor-
mation on the underlying physics.

1. How do the authors think that its results can
be used to improve our understanding of the
physics? And, in turn, how would a better un-
derstanding of the physics improve the predic-
tion of the model?

Authors’ reply

We thank the discusser for the comments and ques-
tions, each of which is addressed below.



Question 1  Aside from the kg prediction, the DNS
database and the ML techniques in general can also
be used to study relations between roughness ge-
ometry and physics-related quantities, such as the
flow pattern around roughness protuberances, flow
separation locations, characteristics of the shear lay-
ers associated with the separation bubbles, the wake
sheltering volume, etc. Specifically, an ML network
trained to correlate these flow characteristics to the
roughness geometry may be an efficient tools to dis-
tinguish the sets of roughness geometrical features
significant for these characteristics. Knowledge of
this set of significant roughness parameters may also
in turn help build an improved surface database that
yields more efficient or more widely applicable pre-
dictions of k4 or other quantities. These are excit-
ing directions of future work based on a successful
demonstration of the ML methods for k, prediction
of a wide range of surfaces, which is the goal of the
paper. Clarification of the connection between this
work and the ML applications in flow physics is now
added to the end of the Concluding remarks.

Discussion #3

The 33rd SNH Organizing and Papers Committee
(OPC)

This is an interesting article, where the au-
thors try to predict the sand-grain height for fully
rough flows using DNN and GPR. They use an exten-
sive DNS database and existing experimental studies
to train and develop a framework to predict the sand-
grain height.

I would accept that the predictions offered
by the two algorithms in general outperforms an ex-
isting expression from Flack (2016) so this work
clearly highlights the benefits of using ML for clos-
ing this problem. However, there are still some
things to consider for this article (see my comments
throughout the text) and beyond (which the authors
mention in the conclusions vis-a-vis the white box
model) that would make this a more rigorous study.

1. Comment for line in Abstract “What is the
equivalent sand-grain height,...”: Does the pa-
per really answer this? From what I can un-
derstand, the ML algorithms provide weights to
the functions and you don’t recover a functional
form, similar to what Flack (2016) has. This is
clearly a drawback of the ML algorithms cho-
sen. But, can your framework work on a com-
pletely different case, not part of either the train-
ing or testing data and give a k,? If so, then you

can argue for this statement.

Can you expand on what regions these areas re-
fer to?

. Can you expand on how adding 10% noise com-
pensates for the k™ > 50 assumption? Also,
would it then be more rigorous to consider
threshold of 80 to only consider fully rough
flows? Or does the restriction in the # of usable
datasets provide poor prediction of ks? Have
you tested the ML algorithms with different
thresholds?

Comment for “existing knowledge”: Please cite
studies that bolster the statement.

You might also want to consider modifying the
preset parameters to your ML algorithms such
as number of hidden layers. If you are providing
in the most important input parameters, the al-
gorithm should be able to drive towards a lower
error bound in the solution set. Something to
investigate before you consider newer ML al-
gorithms.

Can you comment a bit more about why for
some cases the errors are similar with DNN and
GPR but wildly different for others? Consider
the second case in Table 3 for the former and
eleventh case for the latter.

Authors’ reply

We thank the OPC committee for the comments and
questions, each of which is addressed below.

Question 1 We agree that the ML algorithms do
not recover a functional form for k. Clarifications
are added in the Conclusions that a white-box ap-
proach would reveal information on the surface fea-
tures which contribute most to the determination of
the k; is a topic for future work. As such, the sen-
tence in the Abstract were rephrased; the word “ad-
dress” is changed to “investigate”.

Question 2 Definitions of these areas are added.

Question 3 The 10% of noise level is incorporated
to account for all the uncertainties in data collection.
These uncertainties may arise because of numeri-
cal error, the application of the equation AU
1/kInk  — 3.5 (deduced from high Reynolds num-
ber experiments) to lower-Reynolds-number simula-
tions, the choice of the logarithmic region for the cal-
culation of %j, and the possibility that some of the



training data may have been from flows that are not
quite fully rough. The manuscript is updated and in-
troduced some of those uncertainties

To evaluate whether the ML prediction er-
rors are primarily due to false-positive detection of
fully rough cases with the criterion k:j > 50, an
additional a posteriori test was performed for COS5,
C12, C20 and C28 to evaluate ks/R, with a higher
Reynolds number (Re, = 2000). Large-eddy simu-
lations with the Lagrangian-averaged eddy-viscosity
was used, same as Yuan & Piomelli, JoT, 15 (2014).
These three roughness geometries were chosen as
their predicted ks gave around 10% - 20% errors for
one or both ML methods. Results showed that the
2x higher Re, led to 4-5 % difference in ks/R,
for C05, C12 and C20, indicating that they are fully-
rough at Re, = 1000. For C28, however, a differ-
ence of 25% in ks;/R, was obtained based on the
higher Re,. Another two cases, C44 and C45, were
previously found to be fully rough at Re, = 1000
but gave relatively high ML prediction errors also
(23% and 17%). These observations suggest that the
inclusion of transitionally rough cases contributed to
the ks prediction error, while it is probably not the
main error source as the high-error cases are mostly
fully-rough cases.

Based on the above discussions, we con-
sider 10% of noise level as a reasonable trade-off in
this work. To evaluate whether the k, predictions
are sensitive to the noise level, we performed the
GPR prediction with different noise-levels of 5% and
15%. The k, prediction error magnitudes and distri-
bution did not differ significantly with that of 10%.
This clarification is added to the paper.

We agree that the number of dataset (45) is
considered small for a ML approach. As research
groups start to share roughness datasets and mea-
surements, we are likely to see growing databases
useable for this type of approach in the near fu-
ture. A limited dataset may lead to overfitting in the
present methods. Once more data become available,
it will be possible to estimate a minimal test size
for good accuracy, using a learning curve method.
Constrained by limited data, the following measures
were used herein to decrease risk of overfitting: (1)
use small number of input features, (2) use as simple
neuron networks as possible, and (3) perform kernel
regularization for DNN and adding noise level for
GPR.

Question 4 Citation added.

Question 5 The preset parameters of both DNN
and GPR were optimized based on available data.
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The following clarifications are added. (1) For DNN,
a hyper-parameter tuning process were performed.
Specifically, 270 configurations were first generated
with different lengths (representing the number of
layers) and widths (representing the number of neu-
rons). For each configuration, the DNN compiler
was performed 1000 times with random selections
of training (70% of total) and testing (30% of total)
datasets to identify the best performance of the con-
figuration. The configuration that yielded the best
results was considered as the optimal one, the results
of which are presented here. The cost of data fitting
for one iteration (out of 1000) for each DNN config-
uration was about one second. In total, it took about
75 hours to obtain the optimal DNN network. (2)
For GPR, The preset parameters (e.g. kernel type,
number of iterations, etc.) were also tuned with the
available data by running the GPR compiler for about
8000 times. It took about 35 hours to obtain the op-
timal fit.

Question 6 The difference of predictions based on
DNN and GPR may be due to the fact that the two
methods are based on very different principles. In
essence, DNN assigns weights to nodes based on
training, while GPR calculates probability distribu-
tion based on multivariate Gaussian. In addition, the
effectiveness of tuning is likely to vary.



